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A.5. LSTM Neural Network 191
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Figure A.8: Scatter plot matrix of the ‘8 important features related to ‘u2r’
attacks in the custom training set with 10,422 instances. The features in the order
from left to right and from bottom to top are ‘service’, ‘srv_bvtes’, ‘dst _bvtes’,
‘hot’, ‘root _shell’, ‘num _file creations’, ‘dst _host _count’ and ‘dst_host_srv_-
count’. There are no salient correlations. The correlations in the highlighted areas
are either related to the normal traffic class or are not very strong.
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Figure A.9: LSTM neural network with two memory blocks containing two cells each. The input layer is fully connected to
the hidden and output lavers. This network has peephole connections and shorteuts. For reasons of clarity, not all connections

are showr.
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